The cited references claim that microcalcifications from many benign regions are all round or oval. The detection of at least one roughly shaped microcalcification in a suspicious region could be an early sign of potentially developing malignant cancer. This paper proposes a shape analysis method to aid radiologists in classifying regions of interest that are difficult to diagnosis. A region growing and a gradient vector flow methods are used to obtain an ordered set of contour points of each microcalcification. A three level wavelet transform frequency analysis provides a band pass approximation of the normalized distance signature. A novel metric derived from the normalized distance signature is proposed to quantify the roughness of a microcalcification. An experiment using a large dataset is used to evaluate the robustness of the proposed roughness metric against several published shape features.
INTRODUCTION
In 2005 cancer was reported as the second leading cause of death in the United States [1] . This survey listed cancer (malignant neoplasms) as causing 22.5% of the deaths in 2005. 1 Although other types of cancers should not be ignored, breast cancer is the second leading cause of cancer related deaths in women in the United States (U.S.) 2 [2] . The conventional methods to screen for breast cancer are palpation and mammography. Mammography provides an X-ray image of the breast and can show signs of tumors earlier than palpation [3] . A trained radiologist or physician can detect early signs breast cancer through the presence of patterns of tiny deposits of calcium known as microcalcifications (MC) that are visible on mammographic images [4] . Approximately 30% to 50% of breast cancers demonstrate clustered calcifications, and in approximately 36% of these cases the clusters were the only sign of malignancy. A calcification appears as a small bright spot on the mammogram. A cluster is defined to be at least three calcifications within a 1 cm 2 region. These calcifications vary in size from 0.l mm to 5mm and may be embedded in dense parenchymal tissue, which makes them difficult to detect. The presences of MC in mammograms does not generally constitute that cancer is present. Rather the radiologist evaluates the shape, morphology, and pattern of clusters of MC to determine if a biopsy is warranted. Sickles in [4] states that in defining and analyzing suspicious calcifications that "many benign lesions presenting as tiny clustered calcifications have a characteristic mammographic ap-pearance: the calcifications all are round or oval . . ." This suggests that the existence of a single rough shaped MC is cause for concern.
The publically available University of South Florida digital database of screening mammography (DDSM) [5] is used in the experimentation and evaluation presented in this paper. The cases in DDSM provide researchers with lossless compressed raw pixel values of digitized mammograms, radiologist supplied descriptors, radiologists assessments, and pathologies verified by biopsy. The latter three are described using the American College of Radiologists Breast Imaging Reporting and Data Systems (BIRADS R ) lexicon [6] . An example of a mammogram from the DDSM is shown in Fig. 1(a) with the radiologist defined region of interest (ROI) drawn in red. A data mining analysis of DDSM indicates ROIs that exhibit pleomorphic and clustered (BIRADS lexicon) MC are problematic for radiologist to diagnose. The DDSM contains cases composed of 716 ROIs from radiologist detected MC that are described as pleomorphic and clustered. In all these cases of 716 regions of radiologist detected pleomorphic and clustered MC, the radiologist assessment is suspicious abnormality-biopsy should be considered. Thus, biopsy is always recommended for patients that exhibit pleomorphic and clustered MC. Analysis of the biopsy verified pathologies given in each of these 716 DDSM cases shows that 298 of the 716 incidences (approximately 42%) of pleomorphic and clustered MC are malignant. Hence 418 of the 716 incidences (approximately 58%) are benign. This paper describes a novel method to quantify roughness. The method is novel in the sense that it performs a frequency analysis of the normalized distance signature. The method utilizes a wavelet analysis of the normalized distance signature to quantify the roughness of a MC's contour. An evaluation using 183 cases of pleomorphic and clustered MC ROI from the DDSM is provided to show the robustness of the proposed feature in accurately classifying malignant and benign cancers.
FEATURE EXTRACTION METHOD USING SHAPE ANALYSIS
In [7] Shen et al. describe a shape analysis method that computes three features based on the shape of an MC. The three shape features prescribed by Shen et al. are compactness, moment, and Fourier descriptor. These features are used to quantify the roughness of the shape. The shape features that are described in [7] require region growing, which is initialized by user defined seed points. An example of the results of region growing is shown as yellow in Fig. 1(b) . Similar to the feature extraction method in [7] , the proposed feature extraction method requires an order set of close contour points of each MC within a radiologist defined ROI. The gradient vector flow (GVF) active contour method of Xu and Prince described in [8] is used to provide the needed close contour. After the a closed contour of order points {(xi, yi)} is determined for each MC, the distance signature of each closed contour is computed. The distance signature defined in [7] is the Euclidean distance of each ordered contour point to the centroid. That is
where (xc, yc) is the mean of {(xi, yi)}. Since the distance signature in equation (1) is defined as the Euclidean distance of each contour point to the centroid, it is invariant to affine transformations like translations and rotations, but is scale varying. The distance signature of equation (1) is scale varying in the sense that the values of distance sequence varies with the size of the object. Division by the mean is used to normalize the distance signature in equation (1) . The normalized distance signature used in the proposed feature is
This normalization provides a pseudo-scale invariance to the distance signature. Although the normalization in equation (2) sets the mean normalized distance signature to one for all contours, the lengths of the normalized distance sequences may vary with respect to the size of the object. Thus, only pseudo-scale invariance is claimed. It should be noted that the sampling rate of the distance signature does effect the proposed roughness metric. A large amplitude of the normalized distance signature does not necessarily indicate a rough contour. Rather, a novel aspect of the proposed shape analysis is that the frequency content of the normalized distance signature is exploited to determine a metric to quantify the roughness of a contour. Thus, an analysis of the band passed filtered normalized distance signature is used to provide insight into the roughness of a contour. The band pass filtering is provided by a three level wavelet decomposition with a Daubechies eight tap wavelet. The wavelet decomposition is followed by a reconstruction from only the third detail wavelet coefficients D3. The filtering processes is illustrated by the block diagram in Fig. 2(a) , where Fa(z), Ga(z), Fs(z), and Gs(z) denote the z-transform of the eight tap Daubechies analysis scaling function, analysis wavelet, synthesis scaling function, and synthesis wavelet, resp. The ↓ 2 and ↑ 2 denote down sampling and up sampling by a factor of two, resp. The result of the filtering process in Fig. 2(a) is a zero mean band pass approximation of the normalized distance signature e D3. The significance of this analysis on the three contours shown in Fig. 2(b) is illustrated in Fig. 2 . Fig. 2(b) shows three contours: a circle (green), a ellipse (blue), and a star (red) shaped contour. The normalized distance signatures of the circle, ellipse, and star shaped contour of Fig.. 2(b) are shown Fig. 2(c) as the green, blue, and red plots, resp. The means of all three normalized distance signatures in Fig. 2(c) are one and the distance signature of the circle (green plot) is a constant. The varying normalized distance signature of the ellipse, which should be considered a smooth shape, is shown as the blue plot in Fig. 2(c) . The normalized distance signature of the ellipse exhibits low frequency oscillations, which is indicative of smoothness. The red plot in Fig. 2(c) is the normalized distance signature of the star shaped contour in Fig. 2(b) . It is evident that the frequency content exhibited by the normalized distance signature of the star shaped contour is higher than the frequencies of the normalized distance signatures of the circle and ellipse.
The band pass approximation e D3 of the normalized distance signature of the circle, ellipse, and star shape contour of Fig. 2(b) are shown as the green, blue, and red plots in Fig. 2(d) , resp. It is evident in Fig. 2(d) that the e D3 approximation of the star shaped contour, shown as the red plot, exhibit large absolute values when compared to the absolute values of the e D3 approximations of the circle and ellipse, shown as the green and blue plots in Fig. 2(d), resp. A novel metric to quantify the roughness of an shape is defined by the maximum absolute value of the band pass approximation of the normalized distance signature. The roughness of a shape is quantified as α = max(| e D3|).
It should be noted that the roughness metric define in equation (3) is invariant to reflection of the contour with respect to some axis. A positive value in the e D3 would indicate a locally positive difference (step up edge) in the normalized distance signature values and larger positive values are attained by larger local positive differences. A negative value in the e D3 would indicate a locally negative difference (step down edge) in the normalized distance signature values and smaller negative values can be indicated by larger absolute value of local negative differences. 3 Step up edges become step down edges and step down edges become step up edges when the contour is reverse. This could occurs when the contour is reflected about some axis. Since roughness is characterized by abrupt changes in the normalized distance signature (either step up or step down), large changes in the normalized distance signature is captured by large absolute values. Table 1 lists the roughness value α defined in equation (3) for the circle, ellipse, and the star shaped contour shown in Fig. 2(b) . The roughness metric α is substantially larger for the rough star shaped (0.1528) contour than for the circle (0) and the ellipse (0.0095), which are considered smooth. These examples provide evidence that higher α values indicate rougher shapes.
EXPERIMENTATION AND RESULTS
A experiment to test the robustness of the proposed α shape feature was performed using 58 malignant and 125 benign cases from the DDSM database. These DDSM cases were selected because there is only one ROI associated with each mammogram. Additionally, a radiologist has described the ROI as containing BIRADS R pleomorphic and clustered MC and biopsy was recommended in all cases. Only MC from the radiologist defined ROI were analyzed in this experiment. The region growing tolerance parameter was set by trial and error, so that a robust segmentation of each selected MC was attained. The GVF active contour was initialized by a small circle centered at the centroid determined by the region growing segmentation. The GVF algorithms was also supervised so that the contour of each MC was robustly captured. There were generally multiple MC per ROI that were selected. Since the clinical observations in [4] prescribe that a cluster can be classified as benign when all MC within the ROI are round or oval, the ROI in this experiment was characterized by the maximum α value attained by a selected MC contained within the ROI. The maximum α value attained in a ROI is denoted as αmax. The Shen et al. moment, Fourier, and compactness features proposed in [7] were computed for the MC that attained the αmax for each ROI.
The experiment tested each of the four features' ability to reliably diagnose the 183 DDSM cases. The receiver operating characteristics (ROC) [9] curve and area under the ROC curve (AUC) were used to evaluate the performance of each feature. A diagnosis based on a feature is made if the feature is below or above some threshold. The number of true positive and false positive can be calculated for a fixed threshold. The threshold is varied to determine a full range (0-100%) of false positive rates. An ROC curve plots the rate in percentage of true positive versus false positive. A true positive occurs when a case based on the feature value of the tested feature diagnoses malignancy (the feature value is above some threshold) when the verified pathology is malignant. A false positive occurs when the tested feature diagnoses malignancy when the pathology is benign. An ideal feature would provide 100% true positive without any false positive. An ideal feature would produce a step function as an ROC curve and an ACU value of one.
Contrary to the ideal feature is randomly guessing malignant or benign at a probability of 50% each. The ROC curve for randomly guessing would be a diagonal line through the origin and a slope of one. The AUC would be one-half for the randomly guessed diag- Fig. 3 , resp. The ROC curves shown in Fig. 3 show that the αmax feature is a better classifier of pathology than each of the individual Shen et al. features, in that the αmax ROC curve more resembles the ideal step function. If αmax ≥ 0.2522, then all the malignant ROIs are correctly identified. When αmax = 0.2522 all the malignant ROIs are correctly diagnosed with only a 20% false positive rate, that is only 20% of the benign ROIs are incorrectly diagnosed as malignant. Thus, 80% (100 tested cases) of the benign case and all 58 tested malignant cases were correctly identified.
In contrast, the Shen et al. moment feature requires a 90% or greater false positive rate to achieve a 100% true positive rate. The individual performance of the Shen et al. Fourier and compactness features are out performed by randomly guessing in that the ROC curves for these two features are below the diagonal line.
The AUC of each tested feature is given in Table 2 . The superiority of the proposed αmax feature over each of the individual Shen et al. features as a classifier of benign or malignant is shown in that the largest AUC is attain by αmax. 
CONCLUSION
Mammography is the standard method to screen for breast cancer. The ROIs where radiologist have witness pleomorphic and clustered MC are problematic in diagnosing the potential for malignancy. Sickles in [4] states that clinical evidence shows that in many benign cases the ROIs contain tiny MC that are all round or oval. This suggests that in cases that are hard to diagnose such as when an ROI containing pleomorphic clustered MC is witnessed, then a single irregularly rough shaped MC may be an early sign of potentially developing malignant cancer.
This paper proposes a computer aided method to assist radiologists in assessing the risk of developing breast cancers in pleomorphic and clustered regions of MCs or any other hard to diagnosis cases. The proposed method consist of a region growing to segment the selected MC. The GVF active contour is used to define the outer contour of ordered points of each segmented MC. A distance signature sequence is produced from the Euclidean distance of each contour points to the centroid. The distance signature sequence is normalized by the mean to provide a pseudo-scale invariant distance sequence. A three level discrete wavelet tranform is applied to the normalized distance signature sequence. A novel metric α is computed from the sequence produced by the approximation of the normalized distance signature using only the D3 wavelet coefficients.
High α values indicate a rough shaped contours. An experiment that characterized ROIs by the max α, (αmax), attained by a MC within the ROI was performed. It was shown that the αmax of each ROI was a better classifier of malignant or benign than each of the three Shen et al. features.
